Recent research has documented a significant rise in the volatility (e.g., expected squared change) of individual incomes in the U.S. since the 1970s. Existing measures of this trend abstract from individual heterogeneity, effectively estimating an increase in average volatility. We decompose this increase in average volatility and find that it is far from representative of the experience of most people: there has been no systematic rise in volatility for the vast majority of individuals. The rise in average volatility has been driven almost entirely by a sharp rise in the income volatility of those expected to have the most volatile incomes, identified ex-ante by large income changes in the past. We document that the self-employed and those who self-identify as risk-tolerant are much more likely to have such volatile incomes; these groups have experienced much larger increases in income volatility than the population at large. These results color the policy implications one might draw from the rise in average volatility. While the basic results are apparent from PSID summary statistics, providing a complete characterization of the dynamics of the volatility distribution is a methodological challenge. We resolve these difficulties with a Markovian hierarchical Dirichlet process that builds on work from the non-parametric Bayesian statistics literature.
Introduction
A large literature argues that income volatility -the expectation of squared individual income changes -has increased substantially since the 1970s in the U.S., with further increases since the 1990s.
1 To the degree that people are risk-averse and income volatility is taken as a proxy for risk, ceteris paribus such rising volatility may carry substantial welfare costs. As a consequence, there has been a great deal of recent interest by politicians and journalists in this finding. (Gosselin, December 12, 2004; Scheiber, Decemer 12, 2004; Hou, January 31, 2007) To date, research on income volatility trends has ignored individual heterogeneity, effectively estimating an increase in average volatility. We decompose this increase in the average and find that it is far from representative of the experience of most people: there has been no systematic increase in volatility for the vast majority of individuals. The increase has been driven almost entirely by a sharp increase in the income volatility of those with the most volatile incomes. In turn, we find that these individuals with high -and increasing -volatility more likely to be self-employed and more likely to self-identify as risk-tolerant.
Our main finding is apparent in simple summary statistics from the PSID. For example, divide the sample into cohorts, comparing the minority who experienced very large absolute one-year income changes in the past (e.g., four years ago) to those who did not. Since volatility is persistent, those identified ex-ante by large past income changes naturally tend to have more volatile incomes today. The income volatility of this group identified ex-ante as high-volatility has increased since the 1970s while the income volatility of others has remained roughly constant.
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This divergence of sample moments identifies our key result.
Obviously, these findings could affect substantially the welfare and policy implications of the rise in average volatility. The individuals whose volatility has increased -who we find are those with the most volatile incomes -may be those with the highest tolerance for risk or the best risk-sharing opportunities. Such risk tolerance is apparent not only from the willingness of these individuals to undertake volatile incomes or self-employment in the first place, but also from their answers to survey questions.
While the basic results can be seen in summary statistics, providing a complete characterization of the dynamics of the volatility distribution is a methodological challenge. We use a standard model for income dynamics that allows income to change in response to permanent and transitory shocks. What is less standard is that we allow the variance of these shocks -our income volatility parameters -to be heterogeneous and time-varying.
We estimate a discrete non-parametric model in which volatility parameters are assumed to take one of L unique values, where the number L and the values themselves are determined by the data. We add structure and get tractability with a variant on the Dirichlet process (DP) prior commonly used in Bayesian statistics. The
Markovian hierarchical DP prior model we develop accounts for the grouped nature of the data (by individual) as well as the time-dependency of successive observations within individuals. Implicitly, we place a prior on the probability that an individual's parameter values will change from one year to the next, on the number of unique 2 Our finding is consistent with Dynan, Elmendorf, and Sichel (2007) who find that increasing income volatility has been driven by the increasing magnitude of extreme income changes, by the increasingly fat tails of the unconditional distribution of income changes. The fat tails of the unconditional distribution of income changes has also been documented in Geweke and Keane (2000) . In its reduced form, our paper shows that these increasingly fat tails are borne largely by individuals who are ex-ante likely to have volatile incomes. The increasingly fat tails of the unconditional distribution are not attributable -or at least not solely attributable -to increasingly fat tails of the expected distribution for everyone.
parameter values an individual will hold over his lifetime, and on the number of unique parameter values found in the sample.
In Section 2, we discuss our data and the summary statistics that drive our results.
In Section 3, we present our statistical model including the income process (Section 3.1), the structure we place on heterogeneity and dynamics in volatility parameters (Section 3.2), and our estimation strategy (Section 3.3). In Section 4, we show the results obtained by estimating our model on the data. Increases in the average volatility parameter are due to increases in volatility among those with the most volatile incomes (Section 4.2). We find that the increase in volatility has been greatest among the self-employed and those who self-identify as risk-tolerant (Section 4.5), and that these groups are disproportionately likely to have the most volatile incomes (Section 4.4). Increases in risk are present throughout the age distribution, education distribution, and income distribution (Section 4.5). Section 5 concludes with a discussion of welfare implications. The PSID was designed as a nationally representative panel of U.S. households. It tracked families annually from 1968 to 1997 and in odd-numbered years thereafter; this paper uses data through 2005. The PSID includes data on education, income, hours worked, employment status, age, and population weights to capture differential fertility and attrition.
In this paper, we limit the analysis to men age 22 to 60;
we use annual labor income as the measure of income.
3 Table 1 presents summary statistics from these data.
We want to ensure that changes in income are not driven by changes in the topcode (the maximum value for income entered that can be entered in the PSID).
The lowest top code for income was $99,999 in 1982 ($202,281 in 2005 dollars) , after which the top-code rises to $9,999,999. So that top-codes will be standardized in real terms, this minimum top-code is imposed on all years in real terms, so the top-code is $ 99,999 in 1982 and $202,281 in 2005 . Since our income process in Section 3.1 does not model unemployment explicitly, we need to ensure that results for the log of income are not dominated by small changes in the level of income near zero (which will imply huge or infinite changes in the log of income). To address this concern, we replace income values that are very small or zero with a non-trivial lower bound.
We choose as this lower-bound the income that would be earned from a half-time job
(1,000 hours per year) at the real equivalent of the 2005 federal minimum wage ($5.15 per hour). This imposes a bottom-code of $5,150 in 2005 and $2,546 in 1982. Note that the difference in log income between the top-and bottom-code is constant over household "heads" and "wives" (where the husband is always the "head" in any couple). We use data for male heads so that men who are not household heads (as would be the case if they lived with their parents) are excluded. Table 2 describes the distribution of labor income for men in the PSID over the period from 1968 to 2005. See Section 2 for a detailed description of the income variable and the top-and bottom-coding procedure. Column 1 shows the distribution of real annual income for men (in 2005 dollars). The numbers in parentheses are the values with top-and bottom-coding restrictions. Column 2 shows the distribution of "excess" log income, the residual from the regression of log labor income (with top-and bottom-code adjustments) on the covariates enumerated in Section 2. Column 3 presents the distribution of one-year changes in excess log income. Column 4 repeats the results for column 3, but presents five-year changes instead of one-year changes.
time, so that differences over time in the prevalence of predictably extreme income changes cannot be driven by changes in the possible range of income changes. The vast majority of the values below this bound are exactly zero. This bound allows us to exploit transitions into and out of the labor force. At the same time, the bound prevents economically unimportant changes that are small in levels but large and negative in logs from dominating the results. Results are robust to other values for this lower bound, such as the income from full-time work (2,000 hours per year) at the 2005 minimum wage (in real terms).
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In this paper, we model the evolution of "excess" log income. This is taken as the residual from a regression to predict the natural log of labor income (top-and bottom-coded as described $57,506 to $34,943 . Column 2 shows the distribution of "excess" log income. Since excess log income is the residual from a regression, its mean is zero.
The inter-quartile range of excess log income is −0.30 to 0.46.
Column 3 presents the distribution of one-year changes in excess log income.
Naturally, the mean of one-year changes is close to zero. The inter-quartile range of one-year changes is −0.11 to 0.14; excess income does not change more than 11 to 14 percent from year to year for most individuals. However, there are extreme changes in income, so the standard deviation of changes to log income (0.49) is far great than the inter-quartile range. This implies either that changes to income have fat tails (so that everyone faces a small probability of an extreme income change), or alternatively that there is heterogeneity in volatility (so that a few people face a non-trivial probability of an extreme income change). Unless a model is identified from parametric assumptions, these are observationally equivalent in a cross-section of income changes. However, heterogeneity and fat tails have different implications for the time-series of volatility, and we exploit these in the paper.
Column 4 repeats the results from column 3, but presents five-year excess log income changes instead of one-year changes. These long-term changes have only slightly higher standard deviations than the one-year change, 0.69 vs. 0.49, suggesting some mean-reversion in income. Abowd and Card (1989) show that while one-year income changes are highly negatively correlated at one-year lags, there is no evidence of autocorrelated income changes at lags greater than two years. Table 3 shows the evolution of volatility sample moments over time. The first three columns show the variance of permanent income changes. 5 The final three columns present two-year squared changes in excess log income, a raw measure of income volatility. 6 Note that while the mean size of an income change (columns 1 and 4, Table 3 ) has increased over time, the median (columns 2 and 5) has not. This divergence can be explained by an increase in the magnitude of large unlikely income changes (columns 3 and 6). While not framed in this way, these features of the data have been identified in previous research, including Dynan, Elmendorf, and Sichel 5 The variance of permanent income changes is the individual-specific product of two-year changes in excess log income (for example, between years t and t − 2) and the six-year changes that span them (for example, between years t + 2 and t − 4). Meghir and Pistaferri (2004) show that this moment identifies the variance of permanent income changes (between years t-2 and t) under fairly general conditions, including the income process we use in Section 3.1.
Volatility summary statistics
6 All use weights from the PSID. The first row shows whole-sample results. The second row shows the percent change in the mean, median, or 95 th percentile over the sample. This is merely calculated as coefficient of a weighted OLS regression of the year-specific sample moment on a time trend, multiplied by the number of years (2005 − 1968) and divided by the whole-sample value in the previous row. The coefficient and t-statistic from this regression are shown just below. Year-by-year values are then shown. The year t permanent variance is the product of two-year changes in excess log income (from t − 2 to t) and the six-year changes that span them (from t − 4 to t + 2). The year t squared change is from t − 2 to t. The first row shows full sample moments. The second row shows the percent change over the sample, calculated as the coefficient of a weighted OLS regression of year-specific sample moments on a time trend, multiplied by the number of years and divided by the full sample moment. The coefficient and t-statistic are shown below. Following Meghir and Pistaferri (2004) , the sample permanent variance is calculated as the product of two-year changes in excess log incomes (between years t and t-2) and the six-year changes that span them (between years t+2 and t-4). The sample transitory variance is calculated as the square of two-year changes in excess log income. Individuals are defined as low past variances when their sample variance (permanent or transitory, respectively) four years ago is below median; individuals are defined as high past variance when their sample variance four years ago is above the 95 The year t permanent variance is the product of two-year changes in excess log income (from t − 2 to t) and the six-year changes that span them (from t − 4 to t + 2). The first and third columns show sample means for the cohort of individuals whose permanent variance and squared change, respectively, were below median in the year four years prior. The second and fourth columns show the same, but for the cohorts with past values above the 95 th percentile four years prior. The first row shows full sample moments. The third and fourth rows present the coefficient and t-statistic from a weighted OLS regression of year-specific sample means on a time trend. The difference in these two coefficients, divided by their average, is the % difference in the second row. Year-by-year means are shown below.
If (as we argue) volatility is increasing for high-volatility individuals but not for low-volatility individuals, then the gap in the sample variance between those with and without large past income changes should be increasing over time. This divergence over time in volatility between past low-and high-volatility cohorts is clear in both Table 4 and Figure 1 . The magnitude of income changes has been increasing more for those with large past income changes (who are more likely to be inherently highvolatility) than for those without such large past income changes (who are not). This is particularly apparent for the permanent variance; for the transitory variance, the finding is obscured slightly by the jump in volatility for everyone in the early-to mid-nineties (when the PSID changed to an automated data collection system which may have led to increased measurement error in income). This divergence illustrates the key stylized fact developed in this paper: the increase in income volatility can be attributed to an increase in volatility among those with the most volatile incomes, identified ex-ante by large past income changes.
Excess log income (y i,t ) is the sum of permanent income (p i,t ), transitory income (ξ i,t ), and measurement error (e i,t ). The permanent shock, transitory shock, and measurement error are assumed to be normally distributed with mean zero as well as independent of one another, over time and across individuals. Permanent income is initial income (p i,0 ) plus the weighted sum of past permanent shocks ( Here, permanent shocks come into effect over q ω periods, and transitory shocks fade completely after q ε periods. 7 As an example of our notation, φ ω,2 denotes the weight placed on a permanent shock from two periods ago, ω i,t−2 , in current excess log income; φ ε,2 denotes the weight placed on a transitory shock from two periods ago, ε i,t−2 , in current excess log income. While we use the word "shock" for parsimony, these innovations to income may be predictable to the individual, even if they look like shocks in the data. Without loss of generality, we impose the constraint that the weights placed on transitory shocks sum to one ( k φ ε,k = 1).
Heterogeneity and dynamics
We characterize the dynamics of volatility parameters, σ 2 i,t , using a discrete nonparametric approach. In a discrete non-parametric model, the variable of interesthere, the pair σ
for any given sample are determined by the data). The probability that i,t has a given probability of changing from one year to the next; when it changes, it changes to a value drawn from the individual's distribution, {Π l i }, which in turn
consists of values drawn from the population distribution, {Π l }.
We add structure and get tractability by adding a prior commonly used in Bayesian analysis of such discrete non-parametric problems: the Dirichlet process (DP) prior.
In a standard DP model, there is a "tuning parameter", Θ, which implicitly places a prior on the total number of unique parameter values in the sample, L.
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Θ is defined more formally in Section 3.3. We set Θ = 1, though our inference is not sensitive to this choice. In a hierarchical DP (HDP) model (recently developed by Teh, Jordan, Beal, and Blei, 2007) , the usual DP model is extended so by adding a second tuning parameter, Θ i , which implicitly places a prior on the total number of unique parameter values for any given individual, L i ; we set Θ i = 1.
We extend this approach further to address panel data by including a Markovian structure on the hierarchical DP, giving us a Markovian hierarchical DP (MHDP) model. In our Markovian approach, the prior probability that the parameter is 8 Q i,t is the largest value satisfying σ 2 i,t−1 = σ 2 i,t−q for all 0 < q it ≤ Q i,t . 9 In large samples the expected number of unique values is of the order Θ log((N + Θ)/Θ) where N is the number of observations. (Liu, 1996) unchanged from the previous period depends on the number of consecutive years with that value, Q i,t . We add a third tuning parameter, θ, to place a prior on the probability of changing the parameter value, p σ 2 i,t = σ 2 i,t−1 |i, t = Q i,t /(θ + Q i,t ); we set θ = 1. In the MHDP model, our prior parameters can then be characterized with the triple Θ Θ Θ ≡ {Θ, Θ i , θ} = {1, 1, 1}.
Given our research question, a key advantage of this set-up is that it does not restrict the shape (or the evolution of the shape) of the cross-sectional volatility distribution. We view our discrete non-parametric model and the structure placed on it by our MHDP prior as providing a sensible middle ground between tractability and flexibility.
Estimation
We estimate the income process from Section 3.1 on annual data from the PSID (detailed in Section 2) for excess log income. When data are missing, mostly because no data was collected by the PSID in even-numbered years following 1997, we impute bootstrapped guesses of income.
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These bootstrapped values add no additional information; they merely accommodate our estimation strategy in a setting with missing data in a way that is intended to minimize the possible impact on our results. Here, we outline an approach for combining the prior from Section 3.2 with data on excess log income, y y y, to form a posterior on the distribution of volatility 10 We examine the two-year change in excess log income that spans any single-year of missing data. We identify the set of two-year excess log income changes with a similar magnitude elsewhere in the data and select one at random. This bootstrapped draw has an intermediate value which is used to fill in the missing data. For example, consider an individual with excess log income of 0.1 in 1999, 0.5 in 2001 and (since the PSID did not gather data in the intervening year) missing in 2000. From the set of all sample observations with two-year excess log income changes in the neighborhood of 0.4, we select one at random. In general, this observation will be drawn from a different individual than the one with the missing data. Imagine that the individual-years drawn at random have excess log incomes of 0.6, 0.7, and 1.0 in 1972, 1973, and 1974, respectively . We then fill in the original individual's missing data in 2000 with 0.2 (0.1+0.7-0.6). We drop individuals with longer spans of missing data. 
11) or can be a new value not shared with other individuals (σ
, eq: 12). The probability that σ 2 i,t takes a given value is a function of a) the likelihood of generating estimated shocks (ω i,t , ε i,t ) given σ 2 i,t and b) the prior probability of σ 2 i,t .
The prior probability that the parameter remains unchanged in Level 1 (σ 2 i,t = σ 2 i,t−1 ) is proportional to Q i,t ; the prior probability that the parameter changes is proportional to θ. If the parameter changes in Level 1 (σ 2 i,t = σ 2 i,t−1 ), the prior probability that σ 2 i,t changes to a value held by that individual in another year in Level 2 is proportional to the number of times that value occurs in other years for that individual; the prior probability that σ 2 i,t changes to a new value not seen for that individual in another year is proportional to Θ i . If the parameter changes to a new value not seen for that individual in another year in Level 2, the prior probability 11 y y y is the ragged N by T +1 matrix, with y i,t in the i-th row of the t+1-th column. σ (10) others share this value (11) new value (to sample) (12) Diagram describes evolution of volatility parameters. The numbers 1, 2, and 3 in circles at each decision node correspond to the levels of the hierarchy described on page 15. The numbers (7) through (12) identify the equation number giving the probability of reaching that branch.
that σ 2 i,t changes to one of the other population values in Level 3 is proportional to the number of times that value occurs within the population; the prior probability that σ 2 i,t changes to a new value not seen elsewhere in the population is proportional to Θ.
A detailed outline of this estimation algorithm is given in the appendix. The appendix shows this compound prior algebraically, and also shows how it is combined with the data to produce a posterior for σ 2 i,t . We proceed iteratively through all t within an individual and all i across individuals. This entire scheme for choosing volatility values σ 2 σ 2 σ 2 is nested within a larger Gibbs sampling algorithm (Geman and Geman, 1984) . This Markov Chain Monte Carlo (MCMC) approach simultaneously estimates the other parameters of our model, namely shocks (ω ω ω, ε ε ε) and income coefficients (φ φ φ, γ 2 ). 
Results
Here, we present the model parameters estimated using the methods from Section 3.3. The chief object of interest is the evolution of the cross-sectional distribution of volatility parameters, σ Transitory Variance
This figure presents the distribution of σ fat-tailed distributions by truncating the right tail.
Basic results
As shown in the right panel of Table 5 , permanent shocks enter in quickly (φ ω,k are close to one) while transitory shocks damp out quickly (φ ε,k fall to zero). The impact of a shock on the evolution of income is presented in Figure 4 . These present impulse response functions for a permanent (left panel) and transitory (right panel)
shock. Shocks were calibrated as a one standard-deviation shock for an individual with volatility parameters at the estimated means (pulled from Table 5 ).
Evolution of the volatility distribution
Here, we show how the distribution of posterior means of variance parameters has evolved over time. This evolution is shown in Tables 6 and also in Figure 5 . Table   6 shows the year-by-year distribution of volatility parameters (σ This table mirrors Table 3 , with volatility parameter (σ The construction of posterior means for σ 2 ω and σ 2 ε for each individual in each year is detailed in the text. The first row shows the full sample distribution, so that the second column shows the median value of the posterior mean of σ 2 ω over all individual-years. The second row shows the percent change over the sample, calculated as the coefficient of a weighted OLS regression of year-specific sample moments on a time trend, multiplied by the number of years and divided by the full sample value. The coefficient and t-statistic are shown below. Looking at all but the "risky"tail of the distributions, the distributions look very stable.
In the middle and upper panels of Figure 5 , we show the evolution of the "risky" tail of the distribution of posterior means. In this case, variance parameters increase strongly and significantly. This increase in the right tail of the distribution explains the increase in the mean completely.
Heterogeneity or fat tails?
So far, we have shown that the increases in income volatility can be attributed solely to increases in the right tail of the volatility distribution. To obtain this result, our model assumes that the distribution of shocks is normal conditional on the volatility parameters. When the unconditional distribution of shocks is fat-tailed (has high kurtosis), this is automatically attributed to heterogeneity in volatility parameters.
An alternative hypothesis is that there is little or no heterogeneity in volatility parameters, but that shocks are conditionally fat-tailed.
When looking at the cross-section of income changes, heterogeneity in volatility parameters (with conditionally normal shocks) and conditionally fat-tailed shocks (without no heterogeneity in volatility parameters) are observationally equivalent; they both imply a fat-tailed unconditional distribution of income changes. By examining serial dependence, it is possible to reject the hypothesis that everyone has the same volatility parameter. If shocks are conditionally fat-tailed but everyone has the same volatility parameters, then those with large past income changes should be no more likely than others to experience large subsequent income changes. If individuals differ in their volatility parameters and those volatilities are persistent, then individuals with large past income changes will be more likely than others to have large subsequent income changes.
This possibility is investigated in Table 4 and shown graphically in Figure 1 .
These compare the sample variance of income changes for individuals with and without large past income changes. In each year, a cohort without large income changes These figures show the evolution of various percentiles of the posterior mean of the permanent (left) and transitory (right) variance for various percentiles of the distribution of variance parameters.
is formed as the set of individuals whose measure of variance, either permanent variance or squared income change, was below median four years ago; a cohort with large income changes is formed as the set of individuals whose measure of variance was above the 95 th percentile four years ago. This four-year period is chosen so that income shocks are far enough apart to be uncorrelated. (Abowd and Card, 1989) Note that individuals with large past income changes tend to have larger subsequent income changes. The tendency to have large income changes is persistent, which indicates that some individuals have ex-ante more volatile incomes than others.
The divergence over time in volatility between past low-and high-volatility cohorts is clear in both Figure 1 and Table 4 . The magnitude of income changes has been increasing more for those with large past income changes (who are more likely to be inherently high-volatility) than for those without such large past income changes (who are not). This increase in volatility falls primarily on those who could be expected to have volatile incomes to begin with. This shows that the increase in volatility among the volatile we find in the model cannot be attributed to increasingly fat-tailed shocks for everyone.
Whose incomes are volatile?
In this paper, we have identified increasing volatility for men in the U.S. since 1968 as being driven solely by the right (volatile) tail of the volatility distribution. Here, we examine the attributes of men with highly volatile incomes. Table 7 presents the results from a probit regression to predict whether a personyear estimate of the (posterior mean) volatility parameter is above the 90 th percentile for that year. Note from the first row that self-employed individuals are much more likely to have highly volatile incomes. The second row shows that "risk tolerant" individuals are also much more likely to have highly volatile incomes. Risk tolerance is Results from a probit regression to predict an indicator variable for whether posterior mean variance (permanent or transitory volatility) estimate is is above the 90 th percentile for that year. "Risk tolerant" is set to 1 if the PSID risk tolerance variable exceeds 0.3. Above-median income indicates that four-year lagged income is above-median for that (lagged) year. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. z-statistics are in parentheses. Marginal effects are in square brackets. 
Whose incomes are increasingly volatile?
Section 4.4 identified attributes of individuals with volatile incomes. In particular, the self-employed and those whose answers to survey questions suggest they are risktolerant are more likely to have volatile incomes. Here, we examine the increase in volatility over time among these groups. Table 8 predicts the posterior mean variance (volatility) estimates described earlier with a linear time trend. The "change" row shows the coefficient on calendar time; the "percent change" row shows the expected percent change over the sample implied by this coefficient. The top panel presents results for the permanent variance; the bottom panel presents results for the transitory variance. Each column presents results for a different sub-sample. By comparing the first two columns, note that that volatility has increased dramatically more for self-employed people than for others.
These individuals have much higher average levels of volatility, but their percentage change in volatility is still higher than for other individuals. Self-employed individuals account for a substantial proportion of the overall increase in income volatility.
Similarly, the increase in permanent volatility (the variance of permanent shocks) is much greater for those who self-identify as risk tolerant (those whose estimated coefficient of relative risk aversion less than 1/0.3) than those who do not. Transitory volatility does not show major differences in trend for risk tolerant and not risk tolerant individuals. Table 8 shows that the increase in volatility is apparent throughout the income distribution. While increases in the average variance of transitory shocks are similar (in proportional terms) for those with above-and below-median income, the variance of permanent shocks has increased more for those with above-median income than for those with below-median income. While below-median individuals are over-represented among those with the highest volatilities (Section 4.5), low in- Results from a weighted OLS regression to predict the posterior mean variance (volatility) estimate with a linear time trend. The "change" row shows the coefficient on calendar time; the "percent change" row shows the expected percent change over the sample implied by this coefficient. This is (100 percent) times (2005 minus 1968) times (the coefficient on calendar time) divided by (the average posterior mean in the sample). The top panel presents results for the permanent variance; the bottom panel presents results for the transitory variance. Each column presents results for a different sub-sample. t-statistics are in parentheses.
come individuals are not driving the increase in volatility among those with the most volatile incomes. Table 9 presents results by age and educational attainment. Note that while magnitudes vary, the increase in volatility at the right tail is present for those below and above 40, and across the education distribution.
Conclusion
Increases in the size of income changes in the PSID can be attributed almost entirely to the "right tail" of the volatility distribution. Taking volatility as a proxy for risk, those who would have had risky incomes in the past now face even more risk.
Everyone else has had no substantial change.
Without knowing more, the welfare implications of this finding are unclear. Depending on what kind of people have volatile incomes, an increase in volatility at the volatile end of the distribution could be more or less bad than an increase in volatility for everyone. Consider the possibility (which we refute in Section 4.4) that risk tolerance is independent of income volatility or expected income. In this case, increasing volatility at the volatile end of the distribution decreases welfare more than increasing risk throughout the distribution. When individuals have decreasing absolute risk aversion, high levels of income risk (proxied here by volatility) make people more vulnerable to additional risk. (Gollier, 2001) If there is a compensating differential for risk so that volatile incomes are also higher on average, then this effect will be mitigated or reversed.
This paper shows that those with the most volatile incomes are also the most risk-tolerant. In this case, the increase in risk has hit those best able to handle it. To the degree that income volatility is chosen (e.g., by choosing an occupation),
we would expect those with the highest tolerance for risk or the best risk-sharing opportunities to take on the most volatile incomes. If it is these individuals whose volatility has increased, it could blunt substantially any welfare costs associated with increased income volatility. Since the increase in volatile has fallen disproportionately on the self-employed, it could also reflect an increase in profitable (but volatile) business opportunities. In this case, there could even be welfare gains associated with increased income volatility.
Gibbs sampling model implementation, we take advantage of the fact that sampling new values of the homogeneous parameters conditional on fixed values of the realized shocks is relatively simple, and vice versa. If we are given values of the realized shocks (ω ω ω i , ε ε ε i ), we can calculate the scalar y i,t and the 1 × 6 (since q ω + q ε =6) vector X i,t , y i,t ≡ y i,t − t−3 k=0 ω i,k X i,t ≡ (ω i,t−2 , ω i,t−1 , ω i,t , ε i,t−2 , ε i,t−1 , ε i,t )
Let y y y be the N (T − 3) × 1 vector of all y i,t across individuals i and time t, and let X X X be the N (T − 3) × 6 matrix whose rows are all X i,t across individuals i and time t. We can then write equation (3) as a simple linear regression model, y y y = X X X · β β β + e e e where e e e ∼ Normal(0 0 0, γ 2 · I I I)
where β β β = (φ ω,2 , φ ω,1 , φ ω,0 , φ ε,2 , φ ε,1 , φ ε,0 ) are the homogeneous parameters of interest. Note that this is the stage at which we use measurement error (e e e) as distinct from transitory shocks. We use non-informative prior distributions for both γ 2 and β β β, which leads to the following posterior distributions (the Bayesian analog of a least-squares estimate):
(y y y − X X Xβ) (y y y − X X Xβ β β) 2 β β β ∼ Normal β β β , γ 2 · (X X X X X X)
whereβ β β = (X X X X X X) −1 X X X y y y as in a least-squares regression. We sample new values of γ 2 and φ φ φ from the distributions in (4), but with the additional constraint that k φ ε,k = 1.
A.2
Step 2: Sampling realized shocks (ω ω ω, ε ε ε)
In this step, we take excess log income data (y y y), the homogeneous parameters (φ φ φ), and the volatility parameters (σ 2 σ 2 σ 2 ) as given. We use these to sample realized shocks (ω ω ω, ε ε ε).
If we are now given values of the homogeneous parameters (φ φ φ), then the only unmeasured variables in our dynamic linear model (3) are the realized shocks (ω ω ω i , ε ε ε i ). We use maximum likelihood estimates from a Kalman filter (Kalman, 1960) to sample new values of the realized shocks (ω ω ω i , ε ε ε i ), as outlined in Carter and Kohn (1994) . Given the homogeneous parameters (φ φ φ, γ 2 ) and the collection of volatility parameters (σ 2 σ 2 σ 2 ), each individual's income process is independent, so run the Kalman filter and sampling procedure for the realized shocks (ω ω ω i , ε ε ε i ) for each individual i separately.
